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Australia vs Taitwan

- More than 200x larger than Taiwan

- Population about the same
- 27.0Mvs 23.4M in 2023

The University of Sydney



Computer

. . Engineering
Computer Engineering Lab Lab

- CEL focuses on how to utilise
parallelism to solve computing
problems

* Novel architectures, applications
and design techniques

The University of Sydney 4



Motivation

- CPUs/GPUs designed to support datatypes of

fixed wordlength Il el -

- Double, float, long, short, char )2 ~66 oM
- FPGA and ASICs can provide custom ?Zb :: :;OMM
datapaths of arbitrary wordlength 32 0.3

~2 M
- So how can we utilize low-precision for
inference and training? Figure: Xilinx

The University of Sydney 5



Overview

1. Number systems
2. Block Minifloat / Microscaling
3. Applications of BM

The University of Sydney



[. Number systems
2.

3.

THE UNIVERSITY OF

SYDNEY

The University of Sydney

TEQSA PRV12057



Number Systems — Unsigned

Unsigned integers are used to represent the nonnegative
integers. An N -bit unsigned integer has a range [0,2" — 1]
and can be described in binary form, with u; being the 7’th
binary digit:

U = (’UBN_l’u,N_g . UO) U; € {0, 1}

This represents the number

N-1
=0

The University of Sydney



Number Systems — Two’s Complement

X = ("TN—I:I:N—Z .+ Xg)y Ti € {O: ]-}

X has a range of [—2V~1, 2V—1 _ 1] and represents



Number Systems — Two’s Complement Fractions

The University of Sydney

The most significant NV — F bits of the number represent the
integer part and the remaining F’ bits are the fractional part
of the number

integer fraction
. .

Y = aN—-1...apap—1...40).

This corresponds to a scaling of the two’s complement in-
teger representation by the factor S = 2% and the two’s
complement fraction number Y represents

N-—2
Y = 2_F X (—:sN_12N_1 + Z .’532%)
1=0
Note that the two’s complement fraction (/V,0)z corre-
sponds to the two’s complement integer case and ( 0, N) 7
has a range of [—1,1).

10



Arithmetic Operations on Two’s Complement Fractions

- If we wish to perform arithmetic on two (M,F) format 2's complement
fractions

- Addition and subtraction
- Normal addition
- Multiplication

- An (N,F) multiplication gives a (2M, 2F) result so you need to do an arithmetic right
shift by F bits from the 2(M+F) multiplier output

- E.g. for (4,3) 0.75*0.75 =0.110*0.110=00.100100 >> 3=0.100=0.5

The University of Sydney
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Number Systems — Floating Point (1)

The University of Sydney

A B C
_A-.f Y )
Z:(ag bj_l...b[]CF_l...b[]).

A represents the sign .S where

g_ [ +1 ifag=0
“ -1 ifap=1

The unsigned integers B and C' are encoded representa-
tions of the exponent and mantissa respectively. The ex-
ponent F, is stored in a biased representation with £ =
B — (2771 —1). For normalized numbers, B # 0 and the
significand is represented by M =14+ C x 2=F, Thisis a
two’s complement fraction (1,F) ~with the most sig-
nificant bit being implicitly set to 1. If B = 0, it is called
a denormalized number, and there is no implicit 1 in the
(0,F) fraction.

12



Number Systems — Floating Point (2)

- Standard is IEEE 754-2019 htips://standards.ieee.org/ieee/754/6210/

The University of Sydney

Sx2F x M

S x 28 x (M —1)
S X 0o

NaN

if (O < B<?2)— 1) Normalised
if (B — 0) Subnormal (or Denormal)

1f(B — 929 _1and C = 0) Infinity
if B=27 —1and C # 0). NeN

13
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Number systems — Logarithmic Number System

The University of Sydney

The logarithmic number system (LNS) is a special case
of floating point in which the mantissa is always 1 (i.e. only
the sign and exponent fields are used). It has the advantages
of simplified implementation at the expense of reduced pre-
cision. For an N bit LNS number, (2,K) , the most sig-
nificant bit is a zero flag, Z. Z is zero if the number is zero
(since there is no log of zero), otherwise set. The next most
significant bit is used for a sign bit and the rest of the num-
ber is the base 2 logarithm of the magnitude of the number
to be represented in (N-2-K-F,F) two’s complement fraction
format. If E is the value of this two’s complement fraction
and S is defined as for floating point, then

[0 if Z =0
"\ L=Sx2F ifz=1

14



IEEE 754 Rounding [1]

- IEEE 754 has 4 rounding modes

- Round down

- Round up

- Round towards zero

- Round to nearest (this is what everyone means when they don't specify)
- If tie then the one with LSB=0 is chosen

The University of Sydney

15



Theorem 5.1 (Error Bound) [1]

Theorem 5.1 Let x be any real number in the normalized range of a binary floating
point system with precision p. Then

round(z) = z(1 + 6)
for some 6 satisfying
6] <,

where €, machine epsilon, is the gap between 1 and the next larger floating point
number, i.e.,

e =2~ (r-1)
Furthermore, if the rounding mode in effect is round to nearest,

16| < %e = 27P,

The University of Sydney
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Rounding Error of Operators

- For ©,6:@,© operators (op), then

xr &y = round(z + y),

xSy = round(x — ¥),
z ®y = round(z x y),

z @y = round(z/y),

l.e. IEEE computed result must be the rounded value of the exact result
- For x, y normal numbers, (x op y) error has same bounds as Theorem 5.1

The University of Sydney 17



Addition/Subtraction

- Let’s consider adding x = m x 28 andy = p x 2F

Make E>=F by optionally swapping x and y

If E>F align significands by shifting p to the right E-F positions;
Add significands

Correctly round result

s =

(1.10000000000000000000000
(' 1.00000000000000000000000
( 10.10000000000000000000000
(' 1.01000000000000000000000

- Example 3+2 +

Normalize :

The University of Sydney

™ M

2}{21
o x 21
2:!(21
o X 22
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Additional Bits for Rounding

Now consider adding 3 to 3 x 2723, We get

_|_

—
[Er—

Round Down :
or Round Up:

( 1.10000000000000000000000
( 0.00000000000000000000001|1
( 1.10000000000000000000001 |1
( 1.10000000000000000000001
( 1.100000000006000000000010

The “|” indicates bits beyond the LSB

An additional bit called the Guard Bit is needed to get correctly rounded result

The Uni

rsity of Sydney

)2 x 2!
)2><21
)y x 21
)g x 2}
)g x 21

19



How Manv Additional Bits do we Need?

( 1.00000000000000000000000 )g % 20
—  { 0.00000000000000000000000/0100000000000000000000001 )z x 2°
= (0.11111111111111211111112{1011111211111111111111111 )9 X 20
Normalize : ( 1.11111111111111111111112|/0111111111111111111111110 )2 x 21
Round to
Nearest : ( 1.11111111111111111111111 )g x 271,

1-24 guard bits will get wrong result (need 25 in this case!)

- If the additional bits are
- 10...0 then exactly half way
- 0x...x less than half way (round down)
- Anything else = more than half way (round up)

The University of Sydney
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Sticky Bit

- To determine which of the 3 cases keep Guard, Round and Sticky Bit (GRS)

- Sticky bit informs whether there is a 1 at or beyond that position

( 1.00000000000000000000000

— ( 0.00000000000000000000000

= ( 0.111111117111111111111111

Normalize : ( 1.11111111111111111111111

Round to Nearest : ( 1.11111111111111111111111

The University of Sydney

011
101
01

)2 X 2“
)g x 20
)o x 20
)z x 271
)2 x 271,



Multiplication

- Let’s consider multiplying x = m x 28 andy = p x 2F
1.  Multiply the significands
2. Add the exponents
3. Normalise and correctly round the result

The University of Sydney
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Catastrophic Cancellation

- Catastrophic cancellation can occur when subtracting similar values
- Consider # =a —b where a=a(l1+6,) and b=b(1+d)

(a—b) — (a—1D)
a—0b
(@ —a(l+68)] = [b—b(1+68)]
a—0b

Tr— T

<

—ad, + boy,
a—b

<

jal + 1]
ja — 0|

< max(|dal, [0p])

- Relative error is highest when |a —b| < |a| + [b)

The University of Sydney



Catastrophic Cancellation Example

- Imagine a system with only four significant decimal digits and we calculate
(x-y) where (x=1.2345) and (y=1.2341).

- The floating-point representation might round these to round(x)=1.235x10° and
round(y)=1.234x109°,

- The subtraction would be 1.235x10° - 1.234x10°=0.001x10°=1.000x10-3
- The exact result is 0.0004=4.000x10-4

- The computed result is more than double the exact result.

- Only one correct significant digit remains.

The University of Sydney
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Other Fun Facts about Floating Point Numbers

- (a+b)+c # a+(b+c) #include <stdio.h>

int main()
- There are representations for +/- 0 { etz
. . . int cnt = 0;
- There are 5 types of exceptions: invalid for (double t=0.0; t < 1.0; t += 0.1)
operation, division by zero, overflow, printf("%d %f\n", cnt++, t);
underflow, and inexact }

- Required arithmetic operations (add, subtract,
multiply, divide, square root, fused multiply-
add, remainder, minimum, maximum)

The University of Sydney 25



Lower Precision: Single Precision and Bfloatl6

(a) fp32: Single-precision IEEE Floating Point Format Range: ~1e™*® to ~3e™

- Exponent: 8 bils — Manlissa (Significand): 23 bils .

(b) fp16: Half-precision IEEE Floating Point Format Range: ~5.96e"® to 65504

(c) bfloat16: Brain Floating Point Format Range: ~1e™* to ~3e*
= Exponent: 8 bits Mantissa (Significand). 7 bils

The University of Sydney 26



Formats used for ML including Block Floating Point

float3z2

float16

fixed<32 4=

fixed<24 20>

1 bit 8 bits 23 bits
SIEJEEENE]E]E . Mfmmfm] ~ [m]m[na
1 bit 5 bits 10 bits
AEEEEE -] o)) c ]
1 bit 31 bits |
S{MM[M[mM]|~ MEM M|
26 bits integer part I-i bits fra{:tinn; part
1 bit . 23 bits
S ||M I'I.I'I||MEM ~ MMM MM

o i
J bits integer part 20 bits fractional part

block<24 =

The University of Sydney

1 bit 23 bits
SIIM(M|IMI[{[M[~ [M[|[M[M|M|M
sharedexponent |E |E |E || E | E

Source: http://dx.doi.org/10.48550/arXiv.2107.13490
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Decreasing Precision Trend

Lower, mixed, custom

e Fe12s
ecc o [EENE
ieee Fr32  [[ENIIEE
nviDIA TF32 [[ENIEEH
iece Fr16  [[EIECIN
Google BF16 I

NviDIAFPg (|
NVIDIA FP8  [|LiE!

Traditional HPC

Neural Networks

Transformers

NVIDIA NVFP4 (next section)

The University of Sydney

70

60

50

40

30

o

Precision

1985

2000

2008

2018

2020

2024

Ternary

/

2027

28



References (available at https://phwl.org/assets/papers/papers)
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The University of Sydney
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Minifloat

= Narrow floating-point representation
= Qur range between 4-8 bits
= NaN/Infinity NOT supported

sign  exponent mantissa
L] [ | IEEE754 (FP32)
S e m
(] [ ) Minifloat
= Pros: = Cons:

= Memory (fewer bits)
= Smaller hardware

= Dynamic Range (exponent
bits)

The University of Sydney
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Block Minifloat circa 2021 [1]

= BM = minifloat + shared
exponent bias 3

M vV

» minifloat: small floating-point m’ii
v v v M

format (same idea as f
Microscaling MX) DD/
Fixed

w  J g O/
|,l
S miE g
!,i
M E[M E[m EL,

Minifloat

The University of Sydney

E M E M E L

Block Minifloat and
Microscaling (MX)

32



Block Minifloat

= Share exponent bias across blocks of NxN minifloat numbers

The University of Sydney

..................................

xﬂ
g e — x

[ ]

[ ] xI

. e ———————r——
xN—l

xN—I
Minifloat tensor BM tensor

IX| minifloat (3,2)

|al| wvalue distribution

. . B
Align with max. exponent :E ;:
-6 -2 0 5
log, |al

= Dynamic range (with fewer bits)
= Denser dot-products in
hardware

= Align wtih max exponent
= Underflow is tolerated

33



Fused Multiply-Add with Kulisch Accumulation

= Kulisch Accumulator: Fixed point accumulator wide enough to
compute error-free sum of floating-point products

= Integer-like hardware complexity for exponent <=4 bits

gg my e, My m
v
mul (x)
¥
L5 kshift (<<)
=
KULISCH ADDEND
kadd (+) <

v

The University of Sydney C
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Implementation Details

= Three techniques to reduce data loss:
= Gradual underflow, Block Design, Hybrid Formats

= Simulate specialized BM hardware on GPU (with FP32)
= Apply Block Minifloat to all weights, acts, grads

= Our Spectrum of Block Minifloats BMS (ours) (2,5)/(4,3)
BM7 (ours) (2,4)/(4,2)
BM6 (ours) (2,3)/(3,2)
BMS5 (ours) (2,2)/(3,1)
BM35-log (ours) (4,0)/(4,0)
BM4 (ours) (2,1)/(3,0)

BM4-log (ours) (3,0)/(3,0)

The University of Sydney



Data Loss Experiments

1. 0 [rstssmmemtiaptdes s o sttt S 2.4 ' ' ' 40 R ! ! 100
A — area cost — RMSE(3.2) 1
= | | = uflow (3,2) 5 ° lag
0.8} ®-8 range E ; / =
| 2.0 g &0 ‘é
0.6f 124 = Jao 5
1.6 u €
0.4} =T 420
ﬂ 2 i i i L i i i i 1-2 I . L I: - D
“0 10 20 30 40 50 60 70 80 90 . . . 8 PO e 20 2e 303
epochs 23 2% 22 2% 2T 2
(a) Validation Accuracy: Training (b) HW (left axis) vs Range (right (c) Minifloat scaling by varying the
with denormal numbers on Ima- axis): Selecting the block size exponent base

geNet

The University of Sydney



GPU Acceleration with BM

. BM+Kul. |=|I=32 . BM . T BM+Kul. Fl;iZ BM
X -1+ -
' * GEMM »X,, " GEMM -» 49.
w, > RF w, RF
(a) Fwd activation (b) Bwd activation grad.

_BM | Bm+Kul FP32 | _BM
“1 GEMM H il b
‘ X ﬁ W€ w,

(c) Bwd weight grad. and update

« Weight, activation and gradient tensors quantized to BM with stochastic rounding

» Kulisch accumulator ensures our dot products are exact (can use FP CUDA lib directly)

« FP32 used for Kulisch to floating-point conversion, block minifloat alignments, quantization etc.
» Approx 1x floating point operation every N MACs, 5x slowdown

The University of Sydney



Training Experiments

90

80} 1 (ours) (ours)

' 6-bit 67.0 69.0 +2.0

__ 70} 8-bit 692 698 +0.6
&
E 6O}
[ K]
=
=
= 1]
=
3
> a0}

30}

20

0 10 20 30 40 50 60 70 80 90
epochs

ResNet18 on ImageNet Validation

The University of Sydney 38



Transtormer

BLEU

5t —e BM8 |’

0 ] ] ] ]

0 5 10 15 20
epochs

Transformer on IWSLT’14 DE-En dataset

The University of Sydney
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Training Summary

Model (Dataset) [Metric] FP32 BMS8
AlexNet (ImageNet) 56.0 56.2
EfficientNet-b0 (small ImageNet) 62.6 61.8
LSTM (PTB)[Val ppl.] 84.7 87.33

Transformer-base (IWSLT)[BLEU] 32.3 31.8 i A
SSD-Lite (MbNetV2) (VOC)[mAP] 68.6 68.0 = "3 ~<cooey

The University of Sydney
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RTL Synthesis

= Designs synthesized at 750MHz with Cadence RTL Compiler
and 28nm cell library
= Fused multiply-add (FMA)
= 4x4 systolic matrix mutlipliers

Area Power
(um?) (uW)

FP32 4782 10051
FPS (w/ FP16 add) 829 1429
INTS (w/ INT32 add) 417 1269
BMS 391 1141
BM6 200 624

INTS (4x4 systolic) 7005 20253
FP8 (4x4 systolic) 18201 56202
BMS8 (4x4 systolic) 6976 18765

The Ui IVSI DIy Ul Oyulicy

Component

BMS8 area and
power comparable
to INT8




Imagenet

The University of Sydney

704 FP32  HFPB BMSB
— ——
2 FP16 @ FPB
g 60 - S2FP8
)
C
o 68
L
=
-
o b7
]
l_
| INTS
66 e SWALP

BM7

0.000 0.001 0.002 0.003 0.004 0.005 0.006
Computational Density (1/um?)

Model: ResNet-18 Dataset: ImageNet

BM units are:

- Smaller

- Consume less
Power

4242



Microscaling (MX) Data Formats circa 2023 [2]

- Microsoft, AMD, Intel, Meta, NVIDIA, Qualcomm introduced Microscaling
(MX) which is similar idea to BM

Table 1: Concrete MX-compliant data formats and their parameters.

Format | Block Scale Scale Element Element
Name Size | Data Format | Bits Data Format Bit-width
MXFPS8 32 ESMO 8 FP8 (E4M3 / E5M2) 8
MXFP6 32 E8MO 8 FP6 (E2M3 / E3M?2) 6
MXFP4 32 E8SMO 8 FP4 (E2M1) 4
MXINTS 32 E8MO 8 INTS 8

The University of Sydney
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Compute flow with MX Formats

Ajgmmkr [Forward]
(Bfloatl6) i Vector | . MX*[M, KQJ I 1
' gps | | Quantize " MatMul ' Vector | _
IR R . ': | >
W. TK.N » Quantize > (Asg™ Wy) Ai [M,N] I___9P_s___J
i LGN] MX*[K?,N] BFloat16
(Bfloat16) (BFloat16)
A: . [MK]
1-1 2
W&, Optimizer [Backward] MX*[K ,MQ] (Bfloatl6)
(FP32) vatiul | 2 Quantize '«— Transpose
* atMu
MX*[MQ, N
G. [K,N] (Aia" * Es) e LUFL) Quantize « Ei [M,N]
i LK, e :
(Bfloat16) ' Vector | (Bfloat16)
Ej.q (M.K] 0P
: M, K * (0} [ —
i-1 [M,  MX*[M,NO] —
(BF102t16) Voctor | | matwul | Quantize Wy [K,N]
! : B MX*[NQ,K] - (Bfloatle)
SCECN (E; * W) I Quantize [+ Transpose +——

The University of Sydney
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Blackwell Supported 4-bit Formats

drop compared to FP8

drop compared to FPB

Feature FP4 (E2ZM1) MXFP4 NVFP4

Format 4 bits (1 sign, 2 exponent, 1 4 bits (1 sign, 2 exponent, | 4 bits (1 sign, 2 exponent, 1

Structure mantissa) plus software mantissa) plus 1 shared mantissa) plus 1 shared FP8
scaling factor power-of-two scale per 32 scale per 16 value block

value block

Accelerated Hardware Mo Yes Yes

Scaling

Memory ~25% of FP16

Accuracy Risk of noticeable accuracy Risk of noticeable accuracy Lower risk of noticeable

accuracy drop particularly
for larger models

The University of Sydney

Table 1. Comparison of Blackwell-supported 4-bit floating point formats
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Nvidia NVFP4

- High-precision scale encoding plus a two-level micro-block scaling strategy

16-value Block

MW NE WENE | PerBlock Scaling

EEE EERE
/-) = = = = = = FP8 (E4M3) Scaling Factor
L E M [
AEE EEE GEEEOnn Per Tensor Scaling
NVFP4 (E2M1) Format L L)
sign EXponant mantssa ... ...
2 bits < EEE EEER ] FP32 (EBM23) Scaling Factor
see L dELELEIEJETEEEfMIMEE i)
B | sesmemmn
EEE EENE
= = = = = = FP8 (E4M3) Scaling Factor
L E ] m
EEECEEE (EJEJEREfn]m|m
EEE EENm
EEN EENE
NEE EEE
16-value Block

Figure 2. NVFP4 two-level scaling per-block and per-tensor precision structure

The University of Sydney



GPU Performance for Different Generations circa 2024 [3]

Evolution of Performance Across GPU Generations
Dense m Sparse

- 20 20
1 18 18
15
13
10
9
5 39
19
o5 08
0 =]

A100 H100 B200 B300  GB200  GB300 S . NVidi
(FP16) (FP8) (FP4) (FP4) (FP4) (FP4) ource. Nvidia

n
[5)]
Ed

(petaFLOPS)
o

Performance at Smallest Supported
Floating-Point Data Type

https://developer.nvidia.com/blog/introducing-nvfp4-for-efficient-and-accurate-low-precision-inference/
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Inference Accuracy vs FP8

Accuracy

The University of Sydney

DeepSeek-R1 0528 Model Evaluation Accuracy Scores (FP8 vs NVFP4)
m FP8 Baseline m NVFP4

98% 98%

85% g4%

B1% g0%
T7% 7B%

40% 40%

15%  14%

MMLU-PRO GPQA Diamond HLE LIVECODEBENCH SCICCDE Math-500

Model Evaluation

ggoe, 1%

AIME 2024
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Generative Inference Results

Task Family Model Dataset Metric P32 MXEP6 MXFP4
Baseline | E2M3 | E3M2
Transformers | Transformer-Base [9 26.85 26.98 | 27.01 25.97
Language I’_ : WMT-17 BLEU
) (Enc-Dec) Transformer-Large |9] 27.63 27.60 | 27.62 27.33
Translation _ Score T
LSTM GNMT [10] WMT-16 24.44 N/A N/A 24.56
Vision DeiT-Tiny [12] 72.16 72.09 | 70.86 66.41
Transformer DeiT-Small [12] 80.54 80.43 | 79.76 77.61
Image : ImageNet Top-1
_ ) ResNet-18 [13] 70.79 70.6 69.85 67.19
Classification _ ILSVRCI12 | Acc.t
CNN ResNet-50 [13] 77.40 77.27 | 76.54 74.86
MobileNet v2 [14] 72.14 71.49 | 70.27 65.41
Speech . I
o Transformer Wav2Vec 2.0 |15] LibriSpeech | WER | 18.90 N/A 21.46 29.64
Recognition

The University of Sydney



Energy Efficiency (GPT-MoE 1.8T)

The University of Sydney

50x More Energy Efficient per Token versus Hopper

Kepler
@ 42000 JfToken
40000
~ 30000
Q )
3
|_
E 0000 \ Pascal
g e %1 7460 Jf Token
£ LY
= \
L~ \
10000 R Y
\\ Volta
Ampere Hopper Blackwell Blackwell Ultra
'iu_mmk”“ 150 J/Token 10 J/Token 0.4 JfToken 0.2 J/Token
0 —_— & t ] 2
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026
Year

Figure 7. NVFP4 enables up to 50x energy efficiency per token for Blackwell Ultra versus Hopper for GPT-MoE 1.8T
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Motivation

» Target problem: Training on Edge
- Potential: adapt to local conditions
- Problem: ~3x memory and compute vs. inference

- Solution: Use custom number system

The University of Sydney
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Overview

- CNN training
- NBeats training

The University of Sydney
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CNN Training Workflow

- Back-propagation using SGD
«3X workload of inference

Layer i Layer i+1

Activation

Activation— - -+ — Out label

S

Forward

Loss()

Arbitrary stride Conv (Forward) Transposed Conv (Backward)

Weight
Error @ (%} Error <« :--<«— Error Backward

Gradient generation

Weight update Dilated Conv (Gradient Generation)

Fig. 1 CNN training workflow: (1) Conv in forward path, (2) transposed Fig. 2 Non-unit stride Conv, transposed Conv, and
Conv in backward path, (3) dilated Conv in gradient generation, and (4) dilated Conv [1].
weight update.

[1] Dumoulin, Vincent, and Francesco Visin. "A guide to convolution arithmetic for deep leaming." arXiv preprint arXiv:1603.07285 (2016).
The University of Sydney



CNN ResNet20/VGG-like Accelerator

- Layer-wise CNN blocks
*Unified bm(2,5) representation
*Non-unit stride Conv
support
*Simplified mult/add/MAC
*Fused BN&RelLU
- Main blocks
*Unified Conv
*Conv & transposed
Conv
Dilated Conv
*Weight kernel
partition

The University of Sydney

{ PCle Controller H Zynqg SoC ]

[ AXI4-Lit: Interface J [
DMA

]

Activation copies

Unified Activations|
+
Conv block Ofmap buffer BN+RelLU

¥
Control
logic
¥

(Conv) addition

Line buffer

Activation copies & ReLU masks

Q 5 .
3|3 e BN+ReLU ™5 Unified Ofimap buffer Dilated
g ™E 3 Conv block X Conv block
>| |0~ s|
N 5
I M ug. 2 o PE array
o
3 S % e .PE array
° o | £ 3 (Dilated Conv)
~ o £ = COI'IV) v
S| | 3
3|2
€ =
5 g ) l Errors Gradients
° i Shortcut Weight
£ 3 addition update
Errors & velocities | Updated weights

Fig. 3 Overall architecture of the generic training accelerator for
layer-by-layer processing. BN and RelU are fused.

PE array Shortcut ‘. "t

56



CNN BM-based TL (ICCAD?23)

Source dataset

[}

.
A -
jeunlly
qu m@
S
i

-

o

1 £}

b7

" CIFAR-100

Target dataset
A

" CFAR-10

w
&
b

The University of Sydney

Conv

FC

Source labels

airplane
automobile

| Pre-train model

parameters

ship
truck

Target labels
beaver
dolphin

tank

tractor

ResNet20 training loss

software- fp32

software + channel tiling- fp32
hardware- bm(2,5)

hardware + transferred- bm(2,5)

40

iterations

Transfer learning example from CIFAR-100 to CIFAR-10

50
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Resource and Power

TABLE 111
RESOURCE UTILISATION OF AND POWER THE RESNET2(0 ACCELERATOR
(WITH THE STATIC POWER OF 30W).

CLB LUT DSP BRAM | Vivado(W) PPS(W)
Full update | 28824 166502 686 1171 8.714 35
6 Conv+FC | 25589 161129 685 671 T.725 34
2 Conv+FC | 21340 129453 621 571 6.779 34
TABLE IV

RESOURCE UTILISATION AND POWER OF THE VGG-LIKE ACCELERATOR
(WITH THE STATIC POWER OF 30W).

CLB LUT DSP BRAM | Vivado(W) PPS(W)

Full update | 20688 119086 614 505 6.824 34
3 Conv+FC | 20489 119740 613 325 6.499 34

The University of Sydney
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Latency Breakdown

ResMet20: Full update.,

FP

BP System Ops

Total

0 0.5 1 1.5 2 2.5 3 3.5
Latency (ms)

WVGG-like: Full update.

BN
FP

BP System Ops

Total

0 0.5 1 1.5 2 25 3
Latency (ms)

The University of Sydney

ResNet20 on SVHN: 6 Conv + FC update.
BN

FP
BP System Ops

Total

0 0.5 1 1.5 2 2.5
Latency (ms)

VGG-like on CIFAR10&SVHN: 3 Conv + FC update.

FP
BP Systern Ops

Total

Latency (ms)

ResNet20 on CIFAR10: 2 Conv + FC update.

BN
FP
BP System Ops
Total
0 0.5 1 1.5

Latency (ms)

59



Overview

- CNN training
- NBeats training

The University of Sydney
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This Work

» BM arithmetic
- A novel technique for cross-block BM matrix multiplication

- BM GEMM kernel with runtime configurable precision for
FW/BP with pipeline optimization

- 4-bit BM MAC unit with 6 multiplication packed per DSP

» Training accelerator

- First implementation of 4-bit BM training for time series network (NBEATS)

The University of Sydney
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Block size & mixed precision in BM Matrix multiply

One shared
Block size ‘ o exponent block -
= Accuracy t |
Ay, e, Wy ' - X =
(mixed precision) : :
EEET EELLE
One tile of the
input matrix
PE array ) o
- Problem: / Cross block Matrix Multiplication
/Block size # tile size R
. . k+1
Shared expencf COMPUtation error in cross-block MM SR . .
= Runtime configurable precision GEMM W W, e — '
gk

Forward Backward

Mixed-precision GEMM for different training phase
The University of Sydney
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BM GEMM kernel

B Bp2
] ] . ) Input Matrix A (EM format)
» Pipelined implementation ,
L . Ba1 [ | i - ]
- Inter block & Intra-Normalization Pipeline = F,*E B F,*E : P*E sl
: o 3
E 1l 1l i 1l 1l PE array
. . = PE = PE | | I+ PE | "¢ PE .
Find Maximum z ; (inner-product)
inner-product | , A \ norm g [ i o itk i o i il bk i o g
(1 i 2) @ ) = = iE =k bE Le
e e e L I N e R T (e
K cycle T cycle T cycle T cycle = i
(a) Naive implementation of EM GEMM E- ! L :| i be
_______________________ + PE + PE i + PE | |+ PE
n i
@ R :
£ | FindMax(-—FindMax| | —FindMax/—FindMax
“ [ = ||| T SR Sty e
Bik cycle Ol Clibr Clibr}; P|Hik ]5
Blk cycle cycle _ =l DU TEF !
(b) Pipelined implementation of BM GEMM . ! ! \_l_ ! Normalization
B'ci anrm anrm anrm anrm
F'c2 ! ! ] }
The University of Sydney Cutput (BEM format) 63




DSP packing

» DSP packed PE optimized for 4-bit BM training
- Each PE has 273 input, 6 MAC unit
- 6 Significand multiplication in MAC mapped to one DSP48E2 Input A and B of DSP

- Support different precisions during training 13 bit] . 3Dbit] enk

Weight Gradient &

[4 bit |4 bit |4 bit] A,

DEC DEC DEC | | i
o] B N S . [3bit [3bit] |3 bit] Was
— > DEC : - | : J. Sy - | i v ]
| MAC DfRes| | MAC >fRe| | MAC >[Re] | | €nit1 © Ty
"""""""""""""""""" 3 bit : = 3 bit
____________ | A A Error Propagation & EL . 5 ; [3Bit] o A
—ploec] | mac blres] | mac o[re] | MAC blRes] Or Forward © . [Bhit_I3bit] __ [3bit] Was
, , | Lo . . out
s P oY, | , , ATV T A TV e
DSP packed PE design for 4-bit BM MAC Bit Arrangement in Different Training Phases

The University of Sydney 64



Time series prediction network - NBEATS

> NBEATS: A time series prediction network with regular architecture (FC layer & residual)

» SOTA accuracy result on M3, M4 and statistics benchmark

Yin
res

cvt

-

NBEATS Block 1

! Yib YLf

NBEATS Block 2

—

NBEATS Block 3

5 L 4
; : A
' | NBEATS Block HI

res) Mpik

Yout
(a) (b)
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NBEATS training accelerator

Low-precision buffer

CPU
Weight,
dataset P{}IE
Alveo U550

The University of Sydney

= |
Alveo U50 L
Programmable Logic L
— | 1
Weight In i
I
Activation Gradient |/
[ FC block
LP I (GEMM)
__________ #
Residual HP :
Residual Error
SGD Addition || MAPE0SS 11 s ddition
A
I [
I i
High-precision buffer Vector Addition
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NBEATS tramning accuracy

» Smaller block size, high precision residual, Mixed precision improves accuracy

The University of Sydney

35

30

25

20

15

10

SMAPE loss (¥) for NBEATS training

—’_/

e
16*16 64*64 256*256 whole matrix
BM8&-uniform B MdA -mixed o B M4 -uniform-1
FP32Z(reference) s BMA-uniform-2({reference)
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NBEATS training accelerator

> BM4-mixed packed

- Accelerator achieves 779 Gops throughput, DSP utilization 0.7 Gops/DSP (SOTA),

power efficiency 42.4 Gops/W (3.1x)

The University of Sydney

Ours Ours
(no packing) (packing) GPU
Device Alveo U50 GTX 1080
Process TSMC 16nm
Num system BM4-mixed BM4-mixed FP32
Freq.(MHZz) 183 159 1733
Tput. (Gops) 299.03 779.12 2991
Power(W) 20.86 18.38 220
Gops/W 14.34 42.4 13.6
Gops/DSP 0.27 0.71 -

68



Summary

 Demonstrated FPGA-based 4-bit training of time series
prediction networks with minimal impact on accuracy

— Systolic array that combines mixed precision and DSP packing
— 3x Gops/W in same technology as GPU

Suitable for edge-based systems with modest energy resources

The University of Sydney
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